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HYBRID Al MODEL FOR HL7 DATA PROCESSING
AND SEMANTIC INTEROPERABILITY

Abstract
Healthcare systems increasingly depend on the structured exchange of information between hospitals,
laboratories, and digital platforms. The HL7 v2.x standard provides the backbone for this communication but
remains challenging for machine interpretation because of its variable syntax and optional segments. To address
this limitation, a hybrid artificial intelligence model was developed for automated processing and classification of
HL7 messages, integrating both structural learning and semantic validation. The experimental workflow included
the generation of a synthetic dataset of 3,000 patient lifecycles with more than 7,000 ADT messages, followed by
parsing, feature engineering, and supervised training. Logistic Regression, Random Forest, and Gradient Boosting
were evaluated as baseline classifiers, while a semantic layer combining Named Entity Recognition and Regular
Expressions introduced context-aware features such as physician names, medical facilities, and diagnosis indicators.
Afterretraining, ensemble models demonstrated measurable improvement, with Random Forest achieving an increase
of +9.3 % in accuracy and +7.0 % in Fl-score. The results confirm that the addition of semantic cues enhances
model interpretability and overall robustness, bridging the gap between structured message parsing and natural-
language understanding. The proposed hybrid pipeline may serve as a foundation for intelligent interoperability

solutions and future FHIR-compatible healthcare data systems.

Keywords: HL7, FHIR, Artificial Intelligence, Semantic Interoperability, Named Entity Recognition,
Explainable Al

Received November 11, 2025; revised January 19, 23, 2026, accepted April 7, 2026.
Introduction

The rapid digital transformation of healthcare has created unprecedented opportunities for
intelligent data exchange and clinical decision support. Hospitals and laboratories now rely
heavily on interoperable systems that can share, interpret, and process structured information
in real time. Among the available communication standards, the Health Level Seven (HL7)
family and particularly the Fast Healthcare Interoperability Resources (FHIR) specification has
become a cornerstone for electronic health record (EHR) integration and machine-readable data
representation [1]. However, despite its wide adoption, many healthcare environments continue to
face barriers to full interoperability, mainly due to heterogeneous data formats, legacy HL7 v2.x
implementations, and inconsistent semantic alignment across institutions [2, 3].

Modern research increasingly emphasizes that syntactic compatibility alone is insufficient for
effective healthcare data exchange. True interoperability requires both structural standardization and
semantic coherence, allowing machines to interpret not only the structure but also the meaning of
data. Efforts such as ontology alignment and resource mapping have demonstrated that semantic
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harmonization between HL7 FHIR entities and real-world hospital datasets can substantially improve
the accuracy and reusability of clinical information [2]. Nevertheless, the transition from older HL7
v2.x messages to FHIR-based infrastructures remains technically demanding and resource-intensive,
particularly for developing or hybrid healthcare systems [3, 4].

To bridge this technological gap, researchers have proposed scalable harmonization frameworks
that transform unstructured or semi-structured clinical documents into standardized formats ready for
artificial intelligence (Al) applications. The FHIR-DHP pipeline developed by Williams et al. and the
repeatable ETL model for HL7 CDA data conversion by Talvik et al. both illustrate how structured
preprocessing can support reproducible and Al-ready datasets. Such data pipelines not only improve
technical interoperability but also enable automated validation and longitudinal analytics critical for
predictive modeling and digital hospital ecosystems [1, 5, 6].

Parallel developments in Al and explainable machine learning have further expanded the
potential of interoperable health systems. As Loh et al. note, the integration of explainable Al (XAI)
techniques, including SHAP and LIME, enhances transparency and clinician trust in algorithmic
decision-making. Holzinger et al. argue that robust, trustworthy medical AI depends on the fusion of
diverse data modalities, a vision achievable only through harmonized, semantically consistent data
pipelines. When interoperability frameworks like HL7 FHIR serve as the substrate for AI workflows,
these principles can be operationalized at scale, enabling interpretable and auditable clinical
models [1, 7, 8].

At the same time, recent studies emphasize that the adoption of HL7 FHIR and Al-driven
interoperability is not purely technical but also organizational. As Nopour and Nandal observe,
successful implementation requires policy alignment, user training, and ethical governance to
ensure responsible data sharing and privacy compliance [3, 4]. Such findings underline that the next
generation of digital health systems must unite semantic precision, explainable intelligence, and
sustainable deployment strategies.

In light of this background, the present study focuses on the automated processing and
classification of HL7 v2.5 messages using a hybrid Al architecture. Building upon the foundations
of FHIR-based semantic interoperability, the proposed model introduces a dual-layer approach that
combines machine-learning classification with semantic validation of extracted entities [1, 2, 5]. This
approach contributes to the ongoing effort to integrate structural and semantic reasoning into clinical
data pipelines forming an interpretable bridge between traditional HL7 messaging and modern Al-
driven healthcare interoperability.

Materials and methods

Data Generation and Structure

To ensure reproducibility while maintaining full data privacy, a synthetic dataset of HL7 v2.5
messages was generated using the Python library hl7apy. The dataset simulated the Admission—
Transfer—Discharge (ADT) workflow typically observed in hospital information systems.

Actotal of 6,370 messages were generated for 3,000 synthetic patients, including 3,000 admission
events (AO1), 2,786 discharge events (A03), and 584 transfer events (A02). Each message contained
both administrative and clinical segments, including MSH (Message Header), PID (Patient
Identification), PV1 (Patient Visit), OBR (Observation Request), and OBX (Observation Result).

The generator introduced controlled randomness in attributes such as department, physician, and
timestamps to emulate the heterogeneity of real-world hospital communication while avoiding any
sensitive data reuse.

Each message contained a consistent structure with attributes such as patient id, event type,
department, doctor, facility, timestamp, and outcome. For example, a typical simulated patient record
representing a full hospitalization cycle includes an admission (A01) and a discharge (A03):
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patient id event type department doctor facility timestamp outcome
0 PATBTZ2246 Al ICU  Dr. Adams City Clinic 20 : admitted

L PATBT 2246 AD3 ICU Dr. White City Clinic 20250707140422 discharged

2  PAT7178B9 Al ICU Dr. Johnson Central Hospital 20230906003150 admitted

Figure 1 — Generate dataset

This synthetic generation process ensured realistic message diversity while preserving the
statistical and structural properties of genuine HL7 communications.

Parsing and Feature Engineering

Each HL7 message was parsed using the hl7apy.parser module and converted into a structured,
tabular representation suitable for machine-learning analysis.

Multiple feature categories were derived from the raw messages:

¢ Structural features: number of segments (num_segments) and total message length (message
length);

¢ Temporal features: extracted from timestamps, including hour and day of week;

¢ Administrative and demographic features: encoded identifiers for visit type, department,
physician, and gender;

* Derived numerical features: age, segment-to-length ratio, and event frequency.

+ Categorical variables were numerically encoded using the LabelEncoder, while numerical
attributes were standardized through Z-score normalization.

Missing values were imputed according to variable type: forward fill for temporal data and
median substitution for numerical fields.

Duplicate messages (identical patient id and timestamp) were removed to ensure consistency.

The resulting dataset formed a clean, normalized input matrix for supervised learning.

Machine Learning Classification

The classification stage aimed to automatically distinguish between message types and detect
possible structural anomalies.

Three supervised algorithms were employed: Logistic Regression, Random Forest, and Gradient
Boosting. These models were selected for their complementary strengths: interpretability, ensemble
robustness, and gradient-based optimization.

Data were divided into training (80%) and testing (20%) subsets using stratified sampling to
preserve class proportions. Hyperparameter tuning was performed via GridSearchCV with three-fold
cross-validation, optimizing the weighted F1-score.

Performance metrics included overall Accuracy and Weighted F1-score, which provided a
balanced evaluation under moderate class imbalance. This baseline configuration later served as the
foundation for introducing semantic information.

Semantic Layer and Confidence Metric

To enrich the model with contextual understanding, a semantic layer was implemented that
combined Named Entity Recognition (NER) and Regular Expressions (RegEx).

NER was performed using spaCy (model en_core_web sm), while RegEx rules targeted domain-
specific patterns representing entities relevant to healthcare communication:

¢ physician names (e.g., “Dr. Smith”, “Dr. Lee”);

¢ healthcare facilities (e.g., “Clinic”, “Hospital”, “Center”);

¢ patient identifiers (e.g., “PAT123456”);

¢ diagnoses (“COVID-19”, “Asthma”, “Pneumonia”);

+ medications (“Insulin”, “Paracetamol”, “Amoxicillin”).

For each message, entities detected by both methods were compared.
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A semantic confidence score was defined as the ratio between the intersection and union of the
entities recognized by NER and RegEx:

_ |ENER n ERegExl
Csemantic -

|Ener U Epegex |

This measure quantified how consistently both approaches identified the same semantic elements,
thereby reflecting the contextual reliability of each message.

Additional binary indicators (has_doctor, has hospital) recorded whether valid physician and
facility entities were detected.

Semantic Quality Score and Model Enhancement

To integrate semantic information directly into the machine-learning process, a composite
semantic quality score (Q)was designed to capture both entity richness and contextual completeness.

The formula was defined as:

min (Nentities ’ 10)

Q = Csemantic + 0.05 * 10

+ 0.1 X Hyperor + 0.1 X Hhospital

Where

N_entities is the total number of entities recognized, and

H_doctor, H hospital are binary indicators (1 if present, 0 if absent).

Scores were normalized to the range from 0 to 1 and categorized into four qualitative levels:

Low (< 0.5), Moderate (0.5-0.75), Good (0.75-0.9), and Excellent (> 0.9).

This semantic_quality score was added as an additional feature in the classification dataset.

Retraining the models with this feature enabled the system to account for both structural and
semantic coherence, transforming the pipeline into a hybrid Al model that blends syntactic and
contextual reasoning.

Evaluation Framework

The evaluation strategy combined structural and semantic criteria. Baseline and hybrid models
were compared using Accuracy and Weighted Fl-score, alongside semantic indicators such as
average confidence and the share of high-quality messages.

All experiments were implemented in Python using pandas, NumPy, scikit-learn, and spaCy.

This methodological framework ensured reproducibility and provided a scalable foundation for
future research on intelligent interoperability, supporting both data standardization and semantic
interpretability in HL7 message processing.

Results

Dataset Overview and Preprocessing

The final synthetic dataset consisted of 6,370 HL7 ADT messages generated for 3,000 simulated
patient lifecycles. Each record represented one transaction in the admission—transfer—discharge
workflow, distributed across three event types: AO1 (Admission, 3,000 messages), A03 (Discharge,
2,786), and A02 (Transfer, 584).

After parsing and feature extraction, the structured dataset contained 14 standardized columns,
including message family, event type, timestamps, patient demographics, and structural indicators
such as message length and segment count.

The dataset was validated for completeness, with missing values and duplicates removed during
preprocessing. Synthetic generation ensured realistic variability in hospital departments, physicians,
and facilities while maintaining structural integrity of the HL7 v2.5 schema.

Baseline Model Training

The initial phase focused on classifying HL7 message event types (A01/A02/A03) using
structural and temporal features only.
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Three machine-learning algorithms — Logistic Regression, Random Forest, and Gradient
Boosting—were optimized through grid search with 3-fold cross-validation.

Baseline results indicated that ensemble methods outperformed linear models, reflecting the
non-linear nature of HL7 message structures.

Table 1 — Baseline results

Model Accuracy F1 Score Stage Version
Logistic Regression 0.5746 0.5463 Tuned Without Semantic
Random Forest 0.5926 0.6269 Tuned Without Semantic
Gradient Boosting 0.6813 0.6652 Tuned Without Semantic

Gradient Boosting achieved the best baseline performance with an Fl-score of 0.665,
demonstrating robust feature learning from message length, number of segments, and time-based
attributes. However, overall performance suggested that structural features alone could not fully
capture the contextual semantics of HL7 message content.

Semantic Layer Integration and Retraining

To enhance interpretability, a semantic-quality layer was introduced, incorporating Named
Entity Recognition (NER) and Regular Expression (RegEx) validation. This layer extracted entities
such as physician names, facility identifiers, and department codes, assigning a semantic confidence
score between 0 and 1.

A composite semantic quality score was then computed for each message based on entity count,
consistency, and contextual relevance. Retraining all classifiers with this new feature set yielded
significant improvements for the ensemble models.

impact of Semantic Layer on HLT Message Classification
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Figure 2 — Impact of Semantic layer on HL7 Message Classification

While Logistic Regression remained largely unchanged (A Accuracy = —0.08%, A F1 =
—0.07%), Random Forest and Gradient Boosting showed substantial gains.
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Table 2 — Comparison Results table

Model Accuracy F1 Accuracy F1 A Accuracy AF1

(Base) (Base) (+Semantic) (+Semantic) (%) (%)

Logistic Regression 0.5746 0.5463 0.5738 0.5456 —0.08 —-0.07
Random Forest 0.5926 0.6269 | 0.6860 0.6974 +9.34 +7.05
Gradient Boosting 0.6813 0.6652 | 0.7245 0.7241 +4.32 +5.88

The integration of the semantic layer improved classification accuracy and reduced
misclassification between transfer (A02) and discharge (A03) messages

Among all models, Random Forest achieved the highest overall improvement, indicating that
tree-based ensembles benefited most from semantic contextualization.

Semantic Drift and Quality Correlation

A follow-up analysis explored correlations between the semantic quality score and message-
structure parameters.

The event-level comparison revealed that A03 (Discharge) messages achieved the highest
semantic consistency, while AO1 (Admission) showed the lowest. This reflects the richer contextual
detail typically present in discharge summaries compared to initial admissions. These findings
demonstrate that semantic coherence was maintained across different structural and temporal
conditions, confirming that the hybrid model’s semantic reasoning was not biased by message length
or density.

Summary of Findings

Overall, the experimental evaluation confirms that combining structural and semantic learning
improves HL7 message classification accuracy and interpretability.

The addition of semantic-quality metrics allowed ensemble models to leverage contextual
information that purely syntactic models could not capture.

Performance improvements of +4 —9 % across accuracy and F1 demonstrate the practical benefit
of semantic integration for real-world interoperability systems.

The next section discusses these results in the context of explainable Al, interoperability
frameworks, and their potential alignment with HL7 FHIR modernization.

Discussion

The integration of semantic validation within the machine-learning pipeline noticeably improved
both performance and interpretability in HL7 message classification.

Baseline models trained solely on structural descriptors such as message length, number
of segments, and timestamps showed stable yet limited predictive capability. After introducing
semantic cues derived from Named Entity Recognition and Regular Expression matching, ensemble
algorithms, particularly Random Forest and Gradient Boosting, demonstrated measurable gains in
both accuracy and F1-score.

This outcome indicates that contextual linguistic patterns within HL7 text carry unique
information that complements structural attributes, enhancing the model’s ability to distinguish
between admission, transfer, and discharge events.

The proposed semantic confidence metric provided an interpretable measure of alignment
between textual and structured data. By quantifying the overlap between entities detected through
NER and RegEx, the model was able to assess the internal coherence of each message.

This approach allows automated identification of weakly structured or inconsistent messages
without the need for manual rule creation, offering a scalable foundation for hospital data-quality
monitoring.
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Analysis of semantic quality revealed consistent trends within the dataset. Messages classified as
admissions (A01) showed the highest semantic quality, followed by discharges (A03), while transfer
(A02) messages demonstrated lower coherence. This pattern likely reflects the higher complexity and
variability of transfer documentation, where optional or institution-specific segments are common.

Temporal analysis further revealed that messages generated during regular working hours
maintained higher semantic confidence compared to those produced at night, suggesting the influence
of human workflow and reporting accuracy on message consistency.

Overall, the findings confirm that semantic enrichment enhances both classification accuracy
and message reliability. The hybrid model successfully combined structural and contextual
reasoning, resulting in a more robust understanding of HL7 communication patterns. Beyond
improving predictive metrics, semantic scoring provided an additional interpretability layer, enabling
transparent evaluation of message quality and consistency. This integration marks a practical step
toward intelligent interoperability systems that can analyze not only the syntax of healthcare data
but also its underlying meaning. Similar improvements in semantic-driven interoperability have also
been observed in recent FHIR-based frameworks, supporting the broader trend toward combining Al
models with contextual validation for more trustworthy clinical data exchange [1], [5].

Conclusion

This study developed and evaluated a hybrid AI model for automated processing and semantic
interpretation of HL7 v2.5 messages.

By combining structural feature extraction with semantic validation, the proposed system
demonstrated that contextual understanding can significantly enhance the accuracy and interpretability
of message classification.

The integration of semantic cues detected through Named Entity Recognition and Regular
Expression matching allowed the models to recognize underlying meaning beyond surface-level
syntax, leading to measurable performance gains across ensemble classifiers.

The introduction of the semantic confidence metric provided a novel mechanism for assessing
message quality.

It enabled the detection of inconsistencies and structural noise within hospital communication
workflows, revealing operational patterns such as lower semantic reliability in transfer messages and
during non-standard working hours.

These findings confirm that semantic coherence is a critical dimension of interoperability,
directly influencing the reliability of data exchange in clinical systems. The presented pipeline offers
a reproducible, privacy-preserving, and extensible framework for HL7-based data analysis.

It demonstrates that semantic enrichment can be achieved within existing infrastructures without
full system modernization, providing a scalable path toward intelligent and explainable healthcare
interoperability.

Future research may extend this approach by integrating domain-specific ontologies, multilingual
data streams, and cross-standard mapping to FHIR, further advancing the development of transparent,
semantically aware health information systems.
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HL7 AEPEKTEPIH OHAEY MEH CEMAHTUKAJIBIK
HUHTEPOIIEPABEJBAIJNIKTI KAMTAMACBI3 ETYTE
APHAJIFAH T'HBPUATI KACAH/AbI HHTEJJIEKT MOJIEJII

AnjaTna

Kasipri neHcaynblK cakTay >Kyhenepi aypyxaHauap, 3epTXaHaiap »oHe HU(PIBIK miardopMaiap apacklHaa-
FBI KYPBUIBIMJAIIFaH aKlapar ajiMacyra OapraH cailblH Toyenni 0ombin oTelp. HL7 v2.X craHmapTel OChIHIAM
e3apa OalaHbIC YIIIH HEri3 OONBINT TaOBUTABI, anaiia OHBIH CHHTAKCHCIHIH ©3TepMEINiiri MeH MiHIeTTI eMec
CErMEHTTEP/IH OOJIybl MAIIMHAJBIK TYCIHIIPYAl KUbIHAaTaAbl. OChl MOCEIEHI ISy MaKCaThIH/Aa KYPbUIBIMIBIK
OKBITYy MEH CeMaHTHKaJIbIK BanupanusHbl Oipikriperin HL7 xabOapnamanapelH aBTOMATTaHIBIPbUIFAH OHJIEYTe
JKOHE JKIKTEyre apHaJFaH TMOPHITI >KacaHAbl WHTEIJICKT MOJEINI o3ipJeH/i. DKCIEPUMEHTTIK KYMBIC OapbIChl
3000 manumenttin emMipiik mukm MeH 7000-HaH actam ADT xabapinaMachlH KAMTUTBIH CHHTETHKAIBIK JIEPEKTEP
JKUBIHTBIFBIH TEHEpalWsIayJaH, KEHiH OHBI IAapCHHI, OeNTiIep WHKEHEPUSChl JKOHE OaKbIIAHATBIH OKBITY
Ke3€HJIepiHEeH OTKI3y apKbUIbI XKY3€ere achIpbulbl. bacTanke! kiaccudukaropiap peTiHe J0TUCTHKANBIK PETPeccHs,
ke3neiicok opmad (Random Forest) skoHe rpagueHTTIK OyCTHHT Mozebaepi cbiHaaabl. COHBIMEH Karap, araysibl
Heicanaapnasl Tany (Named Entity Recognition) meH typaxrsl epHekrepai (Regular Expressions) OipikriperiH
CEeMaHTHKAJIBIK Kabar icke achIpblIIbl. by qopirepaiiH aTbl-)keHi, MEIUIMHAIBIK YIHBIMHBIH aTaybl KOHE JJHarHo3
HWHIUKATOPJIAphl CHAKTEI KOHTEKCTIK OeNrinepi eckepyre MyMKiHaik Oepmi. Kalita okpITyIaH KeifiH aHCaMOJIbIiK
MOJIENBICp alTapibIKTail xakcapy kepcerri: Random Forest momeminin mommiri 9,3%-ra, am F1 kepcerkimti
7,0%-fa aptTel. HoTrkenep ceMaHTHKAIBIK Oenrinepai KOCy MOJIETb/IH TYCIHAIPUITIITIIT MEH TYPaKThUIBIFBIH
apTTHIPAThIHBIH, COHJAM-aK KYPBUIBIMIBIK XabapiaMalapibl CHHTAKCHUCTIK Tallay MEH OJIap/IblH MarbIHAJbBIK
Ma3MYHBIH TYCIHY apachIH/IaFbl QJIIIAKTHIKThI KbICKAPTAThIHBIH JIAJIEIIIC 1. ¥ ChIHBUIFaH THOPUTI IepeKTepAl OHJIeY
KOHBelepi nHTeponepalesbIiTiK cajJackblHAaFbl HHTEIUIEKTYa a6l menrimaepai a3ipiaey men FHIR cranpapreiven
yiinecimai xaHa OybIHIAFbI MEAUIIMHAIBIK ICPEKTEP aJIMacy JKyHeIepiH KYpPYIbIH Heri3i 0oa amaibl.

Tyitin ceznep: HL7, FHIR, skacanabl HHTEIUIEKT, CEMaHTUKAIBIK HHTEPOTIEPaOebIiTiK, aTay bl HhICAHIAPIbI
TaHy, TYCIHIPIIETIH KacaH [bl HHTEIICKT.
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I'MBPUAHAA MOAEJIb HCKYCCTBEHHOI'O UHTEJIJIEKTA
AJ151 OBPABOTKH JAHHbIX HL7 1 OBECIIEYEHUS
CEMAHTHUYECKOU UHTEPOIIEPABEJIBHOCTH

AHHOTALUA

CoBpeMeHHbIE CHCTEMBI 3PaBOOXPAHEHNUS BCE B OOJBIIIEH CTETIEHH 3aBUCAT OT CTPYKTYPHUPOBAHHOTO OOMEHa
uHpOpMaIe MexIy OOTbHHUIIAMH, Ta0opaToprsIMu U U poBeIMH T1aTdopmamu. Ctanmapt HL7 v2.x cmyxur
OCHOBOM JJIs1 TaKoun KOMMYHHUKaIMKU, OJHAKO €T0 BapHaTHBHBIﬁ CHHTAKCUC U HAJIMYUC HCO6$[33TCJ'[I)HI)IX CEIrMCHTOB
CO3/IAI0T CIOKHOCTH JUIS MAIIMHHOW MHTepnpeTanuu. s pemenns aToi npobiemsl Oblia paspaborana rudpu-
Hasi MOZIEJb MCKYyCCTBEHHOTO MHTEIUIEKTA, IIPeTHa3HAuYeHHAs JJIsl aBTOMAaTH3UPOBAaHHOM 00paboTKy M Kitaccupuka-
nun HL7-cooOmmennii, o0beanHsOmas CTPYKTYpPHOE 00yUeHNE X CEMAaHTHUECKYIO BAJIMJIANI0. DKCIEPHUMEHTAb-
HBI paboYmii MPOIecC BKIIIOYA TEHEpAIMI0 CHHTETUIECKOT0 Habopa JaHHBIX, comepxamero 3000 KM3HEHHBIX
UKIIOB marueHToB U cBbime 7000 coobmenuit ADT, ¢ mocnemayommM 3TarnoM MapcuHra, HHXEHEpUH IPHU3HAKOB
u 00yueHusi ¢ yunteneM. B kadectBe 0a30BbIX KiIacCH(UKATOPOB ObLIHM MIPOTECTUPOBAHBI MOECIH JIOTUCTUYECKOM
perpeccuu, ciy4aiiHOTo Jieca 1 IpaJneHTHOro OycTHHTa. JOTOIHUTENIFHO OblIa peaii30BaHa CEMaHTHYeCKash Hal-
CTpoOliKa, 00bEIMHAIONIAsT METO/bI PACIIO3HaBaHHsI MMEHOBaHHBIX cymHocTtel (Named Entity Recognition) u pery-
JSIPHBIX BBIPA’KEHUI, YTO TIO3BOJIMIIO YUUTHIBATh KOHTEKCTHBIE IIPU3HAKH, TAKHE KAK NMEHA Bpadeil, HANMEHOBaHHUS
MEIUIMHCKHUX YUPEKACHUNA U ANarHOCTHYECKHe MHIMKATOphL. [Tocie moBTopHOTO 00ydYeHus aHCaMOIeBbIe MOJIC-
T TIPOAEMOHCTPHUPOBAIIM 3aMETHOE yIydIlleHHe: TOUHOCTh Moaenu Random Forest yBennunnacs Ha 9,3%, a F1-
mepa — Ha 7,0%. [TosydeHHbIe pe3yabTarhl IOATBEPIKIAIOT, YTO J00ABICHUE CEMaHTUYECKUX PU3HAKOB MOBBILIACT
MHTEPIPETHPYEMOCTh MOJICTIM U €€ YCTOWYHMBOCTB, YCTPaHssl Pa3pblB MEXK/IY CHHTaKCHUYECKUM Paz00poM CTPYK-
TYPUPOBAHHBIX COOOIIEHHH U MOHUMAaHHEM MX CMBICIIOBOTO cozepxkanus. [IpennoxxeHHslii THOpuIHBIN KOHBEHep
00paboTKN JaHHBIX MOXKET CTAaTh OCHOBOM JUIS HHTEJUICKTYaIbHBIX PEIICHUH B 0071aCTH HHTEPONepadeIbHOCTH 1
pas3pabotku coBmecTuMbIX ¢ FHIR crctem oOMeHa MEIUIITHCKUMU TaHHBIMH HOBOTO TTOKOJICHUS.

KuaroueBbie ciioBa: HL7, FHIR, MCKyCCTBEHHBIN HHTEIJICKT, CEMaHTHYECKask HHTEPOTIepabeTbHOCTb, PacTIO3-
HaBaHHE MMEHOBAHHBIX CYIIHOCTEH, 0OBSICHUMBIN HCKYCCTBEHHBIH MHTEIICKT.
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